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Abstract: The long-term effects of climate change and climate extremes have been associated with
changes in tree growth and forest productivity worldwide, and dendrochronological analyses are
important tools that can be used to investigate the influence of climatic forces on tree growth at a
particular site. In this study, a 180-year tree ring width chronology (spanning from 1843 to 2022) of
living pine trees (Pinus latteri) in Tak province, northwestern Thailand, was developed. The analysis
of the climate–tree growth relationship indicated the influences of the annual total rainfall (r = 0.60,
p < 0.001) and annual averaged relative humidity (r = 0.47, p < 0.001) on tree growth in this area.
Anomalously high (for example, in 1853, 1984, 2011, and 2018) and low growths (for example, in
1954, 1983, 1992, and 1996) were found. Growth anomalies in the Thai pine in this study were
related to changes in abnormal and extreme rainfall (r = 0.94, p < 0.001) and the El Niño Southern
Oscillation (ENSO). Our results confirm that rainfall and relative humidity are the main climatic
factors regulating the radial growth of Thai pine. This finding could be an important contribution to
further research on the effects of climate change and extreme weather events on the vulnerability of
tropical and subtropical trees in this region.

Keywords: Thailand; Pinus latteri; tree-ring width; dendrochronology; rainfall variations; climate
change; extreme climatic events

1. Introduction

Climate change is regarded as one of the largest and most pervasive threats to global
ecosystems and biodiversity [1–3]. Several studies have found that long-term climate
change and climate extremes have strong negative impacts on forest productivity world-
wide, more specifically tree growth and wood production [4–6]. Moreover, Asia’s tropical
and subtropical forests are considered some of the most diverse terrestrial ecosystems and
play important roles in regulating regional and global climate dynamics, as well as the
global carbon balance, due to the massive amounts of terrestrial biomass and soil organic
carbon stored in tropical and subtropical forest areas [7–10]. The proportion of carbon
storage and biomass preserved in trees is closely related to the variety of tree stem sizes
(i.e., tree radial growth) [11,12], and the loss of forest productivity under a changing climate
could affect the carbon stock of forests. Adapting forest management to future climate
change thus requires an understanding of long-term tree growth dynamics in response to
long-term climate change under various local climate conditions.
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Thailand is a country in Southeast Asia. The El Niño Southern Oscillation (ENSO)
has played a very important role in regulating the seasonal to annual climate variability in
Thailand in recent decades [13–20] and longer timescales [21–26]. Previous studies showed
that a lower temperature and higher rainfall are associated with El Niño events and vice
versa for La Niña events [17–20]. Dendrochronological analyses (i.e., tree ring studies) serve
as important tools that can be used to investigate the influence of climatic forces on tree
growth [27–33] and are widely used for climatic reconstructions in many regions [34–39],
particularly Asia [40–46]. The understanding of Thai tree-growth dynamics has been
limited in space and time due to the scarcity of long-term tree-growth data (e.g., [47]).
Moreover, the driving forces behind the growth rates of tropical and subtropical tree
species, particularly Thai trees (e.g., [48]), appear to be highly complicated due to the
complex interplay between climate, soil, and other factors [49–54].

Previously, successful tree ring research in Thailand has mainly been conducted on tree
ring parameters (tree ring widths, stable oxygen, and carbon isotopes) in Thai teak (Tectona
grandis Linn.) [21,55,56] and two pine species (Pinus latterri and Pinus kesiya) [57–64]. Those
studies demonstrated the potential of Thai tree ring proxies to be used to examine the
influence of ENSO on Thailand’s climate over the past hundred years [21]. In particular,
tree ring records from Mae Hong Son [21] and Tak [64] provinces of northwestern Thailand
show that the cycles of 2–7 years correspond to the ENSO frequencies.

Among those tree species, the tree ring width (hereafter referred to as TRW) time
series derived from P. latteri trees have more complicated climatic signals than those from
teak trees [21,57,59,63,64]. P. latteri trees within the same region can respond differently
to specific climate variables (for example, rainfall (RF), relative humidity (RH), and tem-
perature (T)) [59,61,64]. These responses can also vary across sites, depending on the
local climate and altitude [47]. Although the hitherto longest pre-monsoon temperature
reconstruction (1834–2000) derived from P. latteri chronologies in northwestern Thailand
has been previously shown in other studies (e.g., [61]), additional studies with the use of
P. latteri TRW are needed in order to compare the tree ring records between various sites as
well as to investigate the potential of P. latteri stands growing in other locations to extend
the previous TRW chronologies further back in time.

In this study, we present a new TRW index of P. latteri trees collected from Tak province
in northwestern Thailand, covering a 180-year period between 1843 and 2022. This study
investigated the growth-climate relationship and the growth patterns of P. latteri stands
from northwestern Thailand. The results indicated that our tree ring records contain strong
signals of RF and RH, indicating the potential of using the TRW of P. latteri to study these
metrics. Growth anomalies of Thai pine and anomalous rainfall in the study site were
identified, and teleconnections with the ENSO were discussed. Thus, this study is an
important contribution to further research on the effects of climate change and extreme
weather events on the vulnerability of tropical and subtropical trees in this region.

2. Materials and Methods
2.1. Study Area and Climate

This research was conducted in the Umphang district of Tak province in northwestern
Thailand (Figure 1a). The tree ring sampling site (16◦05′17.8′′ N 98◦51′38.6′′ E; 375 m asl)
is located in the main area of the natural forest in Ban Mai Pa Kha village of Umphang
district, adjacent to the Umphang Wildlife Sanctuary (Figure 1a).
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Figure 1. (a) A map of Tak province in northwestern Thailand showing the locations of the tree ring
sampling site (16◦05′17.8′′ N 98◦51’38.6′′ E; 375 m asl) and Mae Sot meteorological station (16◦40′ N
98◦33′ E; 196 m asl). The inserted image shows a map of the study region, highlighting the area of
Tak province. (b) The monthly average rainfall (RF) (black vertical bars); relative humidity (RH)
(gray vertical bars); and minimum (TMin) (black dashed line), maximum (TMax) (black solid line), and
average (TAvr) (black solid line with symbols) temperatures obtained from Tak meteorological station
between 1951 and 2022 [65]. (c) A large-scale map of the upper part of Thailand showing the tree
ring sampling site (blue solid symbol), the Mae Sot meteorological station (pink solid symbol), and
the distribution of P. latteri trees obtained from previous published research on the TRW of P. latteri
in Thailand, including Lumyai and Duangsathaporn [60] (cyan solid symbol), Pumijumnong [61]
(red solid symbol), Buckly [66] (yellow solid symbol), Rakthai et al. [67] (orange solid symbol), and
Naumthong et al. [68] (purple solid symbol).

The climate of Thailand is influenced by the Asian monsoon system. Climate sea-
sonality in the study area is strongly regulated by seasonal monsoon circulations, namely
the southwest (SW) and northeast (NE) monsoon winds. The SW monsoon (or summer
monsoon) is generally associated with heavy rainfall and starts in mid-May and ends at
the end of October (hereafter referred to as MO), and it is regarded as the rainy season in
Thailand. The NE monsoon, or winter monsoon, known as the winter season, is associated
with a cold and dry air mass that generates the winter season from November to February
of the following year. The pre-monsoon or summer season, from March to early May
(hereafter referred to as MAM), is regarded as the hottest period of the year. According to
the climatological datasets obtained from the local Mae Sot meteorological station (16◦40′ N
98◦33′ E; 196 m asl) between 1951 and 2022 [65] (Figure 1b), monthly total rainfall during
the rainy season varies from 98 mm in October to 355 mm in August. Approximately 94%
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(1393 mm) of total rainfall falls during the summer monsoon or rainy season. December
(i.e., a winter month) is the coldest month (22.7 ◦C), whereas April (a summer month) is
the hottest month (29.6 ◦C) in the study area. Yearly (or annually) averaged temperature,
relative humidity, and total rainfall values between 1951 and 2022 are 26.3 ◦C (24.8–28.1 ◦C),
74% (68%–78%), and 1479 mm (715–2389 mm), respectively (Figure 1b).

2.2. Tree Ring Collection, Preparation, and Chronology Development

Two cores per tree were taken at breast height using a 5-mm-diameter increment
borer from 20 healthy pine (P. latteri) trees in 2022. Each core was fixed on support wood
slaps and stored dry at room temperature for 1–2 weeks. The cores were subsequently
sanded using progressively finer sandpaper sheets until their surfaces showed clear, visible
ring patterns.

A LINTAB moving stage table equipped with a Leica GZ6 microscope with a precision
of 0.001 mm (RINNTECH®, Heidelberg, Germany) was employed to measure the ring
width of core samples [66,67]. The crossdating technique was performed on ring-width
series using the TSAP-Win software package (Version 4.64) [69–72]. The quality of chronolo-
gies was accessed using COFECHA software (Version 6.02). ARSTAN software (Version
48d2) generated the standard and residual chronologies by detrending the tree ring series
to remove age-related or non-climatic trends [73–77]. To remove non-climatic signals, the
cubic smoothing spline curve was applied to standardize the TRW series with a 50% cutoff
frequency [77]. A new pine tree ring width chronology (i.e., master chronology) derived
from residual chronology was therefore constructed and referred to as the TRW index.
Statistical characteristics of raw tree ring width chronologies, including the expressed
population signal (EPS), the mean interseries correlation (Rbar), and mean ring sensitivity
(MS), were calculated using ARSTAN software to evaluate the quality of the tree ring width
chronology (i.e., the TRW index) [76,77].

2.3. Climate Datasets and Data Analysis

Climatological datasets in recent decades, including relative humidity (RH), rainfall
(RF), minimum (TMin), maximum (TMax), and average (TAvr) temperatures, were obtained
from the Mae Sot meteorological station (16◦40′ N 98◦33′ E; 196 m asl) [65] (Figure 1a,b).
Monthly, seasonal, and annual averaged values of climate data from the previous year to
the current year between 1951 and 2022 were compared with the tree ring series. Because
climate seasonality within and between years has a significant impact on Thai tree growth,
the climate datasets were further divided into pre-monsoon or summer season (MAM),
summer monsoon or rainy season (MO), and winter season (ND of the current year and
JF of the following year) for comparison with the TRW index. For longer time scales, the
TRW index was compared with the TRW index-based (hereafter referred to as the PC1
index) pre-monsoon weather conditions in northwestern Thailand [61] between 1814 and
2008 to confirm the regional representativeness of our tree ring series. Pearson correlation
analysis assessed the relationships between the TRW index and other parameters. The
double standard deviation technique [78–80] was applied to identify abnormal and extreme
growths in the TRW index, as well as rainfall anomalies. The values of the TRW index
higher than the mean +2 and +1 standard deviation (sd/σ) are defined as extremely
and abnormally positive growth years, respectively, and vice versa for extremely and
abnormally negative growth years. REDFIT spectral analysis [81–83] was performed on the
TRW index to obtain the periodicities of the TRW index using the Paleontological Statistics
(PAST) software package version 3.25 [81].

3. Results
3.1. Tree-Ring Chronology Characteristics

Four trees were excluded as they showed individual growth patterns (poorly cross-
dated with their pairs and master chronology). A total of 31 cores from 16 trees were used
to develop a TRW chronology of P. latteri via TRW synchronization (Table 1 and Figure 2).
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According to the raw TRW data (i.e., the non-standardized growth), most of the decadal
growth patterns indicated higher growth rates during the juvenile stage [84–87], which
lasts from a few years up to approximately 30–40 years [84,85], and a gradual decrease
in these rates until remaining constant during the mature stage, such as in UPPKE05C,
PKPME40A, and PKPME30B, for example (Figure 3). Slightly increasing trends in previous
decades were also observed in some pine trees—for example, UPPKE19B, UPPKE04C,
and PKPME36B (Figure 3). In general, the selected individual ring-width time series with
different ages derived from living pine trees in our studied site showed somewhat similar
growth patterns over time.

Table 1. Statistical characteristics of the TRW chronology of Pinus latteri in Tak province of northwest-
ern Thailand.

Statistical Items Statistical Values

Cores/Trees (n) 31/16
Time span (AD) 1843–2022
Number of years 180

Mean length of series (year) 111
Mean sensitivity (MS) 0.25

Mean interseries correlation (Rbar) 0.34
Expressed population signal (EPS) 0.84

First year in which EPS value ≥0.85 (number of trees) 1918 (13)
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Figure 2. (a) Tree ring width residual chronology (TRW index) (black line), the 11-year running
average filters (red line), and sample depths (gray shaded area) between 1814 and 2022. The solid
vertical line indicates the core samples ≥ 3 after 1843; (b) the expressed population signal (EPS) (solid
black line with circles); and (c) the mean interseries correlation (Rbar) (solid black line with circles).
The horizontal gray solid line represents the EPS level of 0.85.
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A residual chronology (i.e., the TRW index) that contains high-frequency
fluctuations—spanning a 180-year period from 1843 to 2022—was selected for further
climate analysis (Figure 2). The mean ring width values were 0.212 cm per year. The Rbar
and EPS values varied from 0.22 to 0.55 and 0.69 to 0.93, respectively (Figure 2 and Table 1).
The mean Rbar and EPS values were 0.34 and 0.84, respectively (Figure 2 and Table 1).

3.2. Growth Anomalies in the Tree Ring Records

The TRW index contains high- and low-frequency variations in the growth rate over
the 209-year period (Figure 2). The greatest frequency was found in the early part of
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the TRW index (Figure 2). Growth anomalies were observed in approximately 49 of the
observed years (accounting for 23% of the total). A total of 5 years (accounting for 2% of
the total) were identified as extremely positive growth (above mean +2σ or 1.30), 23 years
(accounting for 11% of the total) as abnormally positive (above mean +σ or 1.15), 4 years
(accounting for 2% of the total) as extremely negative (below mean −2σ or 0.68), and
17 years (accounting for 8% of the total) as abnormally negative (below mean −σ or 0.84)
(Table 2). Extremely positive growth was observed in 1853, 1857, and 2011, whereas
extremely negative growth was observed in 1846 and 1872 (Table 2).

Table 2. The abnormal (mean +σ and −σ) and extreme (mean +2σ and −2σ) positive and negative
growth years derived from the TRW index.

Classified Years

Abnormally positive 1870, 1873,1878, 1880, 1889, 1892, 1893, 1902, 1908, 1910, 1915, 1917,
1924, 1938, 1945, 1953, 1972, 1984, 1987, 2013, 2018, 2019

Extremely positive 1853, 1857, 1879, 2011

Abnormally negative 1852, 1855, 1858, 1862, 1864, 1884, 1885, 1905, 1911, 1913, 1921, 1954,
1983, 1992, 1996

Extremely negative 1846, 1872

3.3. Tree Growth Responses to Climate Drivers

Correlational analyses between the TRW index and climatic factors exhibited signifi-
cantly positive correlations with RF, RH, and TMin and a negative correlation with TMax
values (Figure 4a,b). In the comparisons with monthly climate variables, correlations were
observed with monthly total RF in October (r = 0.29, p < 0.016) and December (r = 0.31,
p < 0.009) from the previous year to March (r = 0.24, p < 0.046) and August (r = 0.26,
p < 0.026) of the current year (Figure 4a). Weak positive correlations were also found with
the monthly averaged RH from the previous December (r = 0.28, p < 0.019) to the current
January to April, June, and August (r values ranging from 0.24 in April to 0.36 in March)
(Figure 4a). The growth–climate relationship was positively associated with monthly aver-
aged TMin from the previous December (r = 0.26, p < 0.025) to the current January (r = 0.27,
p < 0.024), as well as negatively correlated with TMax with the current March (r = −0.27,
p < 0.022) (Figure 4b). For the seasonal climate, the TRW index was significantly and
positively correlated with seasonal RF and RH during the summer monsoon (MO) season
(RF: r = 0.29, p < 0.014 and RH: r = 0.24, p < 0.044) and with RH during the pre-monsoon
(MAM) season (r = 0.25, p < 0.031) (Figure 4a). There was no observed significant correlation
with seasonally and annually averaged temperatures (Figure 4b). The highest significant
correlation values were observed with annual total RF (r = 0.60, p < 0.001) and annual
averaged RH (r = 0.47, p < 0.001) (Figure 4a), indicating that the annual RF and RH are the
two main climate drivers regulating tree growth in the studied site.

An analysis of extreme and abnormal growths (Table 2) indicated the close linkage
between the growth anomalies of Thai pine trees and rainfallMay-Jul reconstruction (r = 0.60,
p < 0.001) (Figure 5a) over the entire common period from 1814 to 2008 [61]. Both extreme
and abnormal pine tree growth occurred with anomalous rainfall (i.e., extreme and abnor-
mal rainfallMay-Jul) (r = 0.64, p < 0.001) (Figure 5b), demonstrating that rainfall anomalies
significantly impact Thai pine growth in this area.
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3.4. Periodicity of TRW Chronologies

The spectral amplitude of the TRW chronologies exhibited statistically significant
cyclicities at approximately 2–3, 5, and 9 years that reached the 95% confidence limit, with
the highest amplitude at approximately 7 years (99% confidence limit) (Figure 6).
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Figure 6. Spectral analysis of the TRW index using Redfit [88]. Gray-shaded areas indicate the power
spectrum of the growth rings. The solid and dashed lines represent the 99% and 95% confidence
limits, respectively, relative to the red-noise spectrum. The confidence limits were estimated using a
Monte Carlo simulation. Significant peaks are labeled for each period.

4. Discussion
4.1. Chronological Characteristics and Comparison with the Pine Tree Ring Index from
Northwestern Thailand

Although the mean EPS value of 0.84 is slightly lower than the recommended threshold
of 0.85 [89,90], the calibration period (i.e., comparison with the available instrumental
climate data from recent periods) falls within a reliable data period with a high replication
of samples and/or an EPS value of ≥0.85, allowing us to investigate the influence of climate
on tree growth. A mean EPS value as high as 0.84 is therefore considered acceptable in
our study, as our main focus is the investigation of the tree growth–climate relationship
without the need for climate reconstruction.

The TRW index in this study was positively correlated (r = 0.48, p < 0.001, n = 167)
(Figure 6) with the PC1 index-based pre-monsoon weather conditions from northwestern
Thailand [61] between 1843 and 2008, when a longer time scale was used. Higher fluctu-
ations in the TRW series were observed for the pre-1875 period in both series (Figure 7).
Correlational analysis between the TRW index and the PC1 index confirmed the common
signals stored in pine tree ring proxies within the same region. It also indicated the relia-
bility and suitability of the TRW index to investigate the effect of climate change on tree
growth in this area.
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4.2. Possible Driving Factors Controlling Tree Growth

Extensive studies on P. latteri from many parts of Thailand (Figure 1c) indicated close
relationships between the growth rates of P. latteri and either RF (RF amounts or number
of raining days) together with T [61,66,68,91] or T individually [60], with a relatively few
reports on the growth rates’ relationship with RH (e.g., [68]). Recent studies found the
combination effects of RF, T, and RH on P. latteri growths [64,67]. Although the responses
of Thai pines to climate parameters may differ significantly from site to site due to site-
specific effects, especially altitude [47], previous research has confirmed that the growth
of Thai pine species is highly sensitive to climatic changes [64,67] and extreme weather
conditions [67,91].

Similar to the previous research on P. latteri in northern and/or northeastern Thai-
land [64,67], we also found that RF and RH were the two major climatic factors regulating
pine growth in northwestern Thailand, with a minor influence from T (i.e., TMax and TMin).
These three climatic parameters (RF, RH, and T) are the crucial factors significantly af-
fecting the availability of atmospheric and soil moisture (i.e., water availability); in turn,
moisture availability can increase and/or decrease tree radial growth as trees adjust their
physiological stomatal behaviors in response to moisture availability and other factors [92].
The moderately positive correlations observed between our TRW index and RF and RH
and the low negative correlation with TMax implied that wetter conditions (i.e., higher
RH and RH and lower T) possibly lead to increased photosynthetic assimilation rates and
reactivation of the cambium [64] and enhance tree growth at our study site, and vice versa
for drier conditions.

A wide variety of Thai pine growth behaviors are observed in response to different
monthly and/or seasonal climates [47]. The growth of Thai pine was positively correlated
with monthly rainfall in March, April [47,64,67], May [68], September, and December [64].
For RH, monthly averaged RH values from February to September [70] and April [68] were
also positively correlated with pine TRW indices from northern Thailand.

Our study on P. latteri from northwestern Thailand confirmed the findings of previ-
ous studies that the growth of P. latteri in Thailand is largely controlled by RF and RH
over the whole period of consecutive months within a year, covering the pre-monsoon
(March to April), summer or SE monsoon (March to October), as well as the dry winter
season or NE monsoon months, as indicated by positive correlations with annual total RF
and annual averaged RH. Our results indicate that a continuous supply of water under
wetter (or drier) conditions is one of the important factors regulating cell division and
cambium development, which in turn increase the radial growth of pine tree stems in
northwestern Thailand.

4.3. Growth Anomalies and Their Connection with Large-Scale Climate Drivers

Analyzing tree growth anomalies in response to rainfall over long periods is critically
important to better understand how specific tree species—in this case, Thai pine—respond
to climate change and/or extreme climate events. Abnormal and extremely positive
growths (for example in 1853, 1915, 1917, 1924, 1945, and 1972 (Table 2)) were in good
agreement with cool and wet periods in northwestern Thailand (for example during
1834–1862, 1911–1930, 1940–1950, and 1970–1978) [64]. Abnormal and extremely negative
growths (for example, in 1884–1885, 1905, and 1954 (Table 2)) corresponded to the drought
periods recorded in the tree ring width chronologies from northwestern Thailand [64] and
Vietnam [93] during 1880–1910 and 1950–1965. Anomalous annual growth values of the
pine trees in this study were likely caused by anomalous rainfall events.

A previous study showed that the wet and dry periods recorded for pine TRW from
northern Thailand were associated with ENSO [91]. Similar to a previous study, some of
the anomalous positive growth years (for example in 1972, 1984, and 2018) and negative
growth years (for example in 1954, 1983, and 1992) observed in our TRW correspond to La
Niña and El Niño events, respectively [94,95]. In addition, the periodicity of approximately
7 years corresponds to the typical 2–8-year cycles for ENSO [96,97]. Previous studies on
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Thailand’s monsoon rainfall have also shown the spectral coherence of rainfall and ENSO
at 2–5 years [21,60,63]. ENSO events may partially be responsible for the anomalous growth
of Thai pine, which is in turn associated with the local climate conditions. The TRW index
of P. latteri from northwestern Thailand can be further used as an indicator to investigate
long-term climate change and the effects of past extreme rainfall events.

5. Conclusions

We developed a 180-year tree ring width chronology (i.e., the TRW index) of living pine
trees (Pinus latteri) in Tak province of northwestern Thailand, spanning from 1843 to 2022.
The TRW index was moderately correlated with annual total rainfall (r = 0.60, p < 0.001)
and annual averaged relative humidity (r = 0.47, p < 0.001). Correlational analysis between
the TRW index and the tree ring series from nearby sites (r = 0.48, p < 0.001) confirmed the
common signals preserved in pine tree ring proxies within the same region. Anomalously
high (for example, in 1853, 1984, 2011, and 2018) and low growths (for example, in 1954,
1983, 1992, and 1996) were found. Moreover, growth anomalies in the Thai pine in this
study were related to changes in abnormal and extreme rainfall (r = 0.94, p < 0.001). An
analysis of TRW periodicity exhibited that the approximately 7-year cycles correspond
to the typical 2–8-year cycles for ENSO. This shows that ENSO events may be partially
responsible for the anomalous growth of Thai pine, which is, in turn, associated with the
local climate conditions. The TRW index of P. latteri from northwestern Thailand can be
further used as an indicator to investigate long-term climate change and the effects of past
extreme rainfall events in relation to ENSO.
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